Conventional mass-univariate analyses have been previously used to test for group differences in neural signals. However, machine learning algorithms represent a multivariate decoding approach that may help to identify neuroimaging patterns associated with functional impairment in "individual" patients. We investigated whether fMRI allows classification of individual motor impairment after stroke using support vector machines (SVMs). Forty acute stroke patients and 20 control subjects underwent resting-state fMRI. Half of the patients showed significant impairment in hand motor function. Resting-state connectivity was computed by means of whole-brain correlations of seed time-courses in ipsilesional primary motor cortex (M1). Lesion location was identified using diffusion-weighted images. These features were used for linear SVM classification of unseen patients with respect to motor impairment. SVM results were compared with conventional mass-univariate analyses. Resting-state connectivity classified patients with hand motor deficits compared with controls and nonimpaired patients with 82.6-87.6% accuracy. Classification was driven by reduced interhemispheric M1 connectivity and enhanced connectivity between ipsilesional M1 and premotor areas. In contrast, lesion location provided only 50% sensitivity to classify impaired patients. Hence, resting-state fMRI reflects behavioral deficits more accurately than structural MRI. In conclusion, multivariate fMRI analyses offer the potential to serve as markers for endophenotypes of functional impairment.
Introduction
Stroke is a leading cause of permanent motor disability with an incidence of >15 million people worldwide (World Health Organization 2004; Go et al. 2013) . Neuroimaging techniques including structural and functional MRI (fMRI) have shown that motor deficits after stroke are associated with disturbances in anatomical pathways and brain activation patterns (Chollet et al. 1991; Ward et al. 2003 Ward et al. , 2006 Stinear et al. 2007; Grefkes et al. 2008; Rehme et al. 2012) . Recent studies examined stroke-induced changes in functional connectivity between brain areas based on resting-state fMRI (Friston 1994; Grefkes and Fink 2014) . Resting-state functional connectivity is usually determined by correlating regional low-frequency blood oxygenation level-dependent time-series assessed in the absence of an active task (Friston 1994) . Resting-state studies after stroke provided evidence for a close relationship between disturbed functional connectivity of cortical motor areas distant from the lesion site and motor impairment. In particular, interhemispheric resting-state connectivity between primary motor area (M1) of both hemispheres has been shown to be reduced in stroke patients with motor impairments (Carter et al. 2010 (Carter et al. , 2012 Wang et al. 2010; Park et al. 2011; Golestani et al. 2013 ).
To date, neuroimaging studies in stroke research have frequently used conventional mass-univariate analyses within the framework of the General Linear Model (GLM) focusing on the statistical relationship between behavioral performance or group membership and neural signals (Friston et al. 1995) . These mass-univariate analyses represent a special form of encoding models explaining how the signal measured at a given voxel is generated by underlying hidden factors (e.g., sensory, cognitive, or motor processes) based on experimental manipulations or clinical groups (Kay and Gallant 2009; Naselaris et al. 2011) . Statistical inference in encoding models is thus drawn from forward models using experimental information to predict brain activity (Haufe et al. 2014) . However, classical encoding analyses do not provide neuroimaging markers that can be used for the diagnosis and prognosis of functional impairment in individual patients (Orrù et al. 2012) . In contrast, decoding approaches use brain activity to discriminate groups or experimental conditions (Kay et al. 2008; Kriegeskorte 2011; Naselaris et al. 2011) . Here, statistical inference is based on a backward model as the data-generating process is reversed to predict experimental categories from measured brain signals (Naselaris et al. 2011; Haufe et al. 2014) . Thus, decoding models test how phenotypical information can be decoded from neuroimaging data (Haufe et al. 2014 ). Importantly, decoding models allow classifying at the level of individual subjects. In contrast to conventional GLMs, multivariate analyses also consider voxelwise signal dependencies, which increase the power to detect signals of interest (Lemm et al. 2011; Haufe et al. 2014 ). This raises the clinically relevant question whether a multivariate decoding approach considering the combined multivoxel information from neuroimaging data may be used to classify behavioral performance at the level of individual patients (Orrù et al. 2012) .
Support vector machines (SVMs) represent a multivariate decoding technique, which has recently been introduced into the field of clinical neuroimaging (Cortes and Vapnik 1995; Pereira et al. 2009; Lemm et al. 2011; Orrù et al. 2012) . SVMs are supervised machine learning algorithms that are most commonly used for classification but can also be applied, for example, in regression analyses (Pereira et al. 2009; Chang and Lin 2011; Lemm et al. 2011; Naselaris et al. 2011 ). Technically, SVMs consist of a training step where data are nonlinearly mapped into a high-dimensional feature space to optimize a separation boundary between predefined classes. After training, the trained classifier is used to predict the class level of previously unseen data (Cortes and Vapnik 1995; Lemm et al. 2011; Orrù et al. 2012) .
Previous studies showed that SVM analyses of resting-state fMRI data can distinguish neuropsychiatric patients from healthy controls for diseases including mild cognitive impairment, multiple sclerosis, major depression, or schizophrenia (Shen et al. 2010; Richiardi et al. 2012; Wee et al. 2012; Zeng et al. 2012) . Furthermore, there is evidence that SVM techniques for task-based fMRI data may be used to predict the functional outcome of stroke patients with aphasia (Saur et al. 2010 ). The use of task-based fMRI in a clinical setting is, however, difficult because it requires both a sophisticated technical set-up and a sufficiently high compliance of the patient. In contrast, resting-state fMRI can be acquired within a few minutes with minimum cooperation of the patient. Therefore, classification of clinical populations based on resting-state data offers potential for providing noninvasive diagnostic markers to predict individual outcome and treatment effects in a standard clinical environment.
The aim of this study was to identify endophenotypes of motor disability after stroke by decoding motor outcome from individual resting-state fMRI connectivity patterns using SVM. Furthermore, we computed mass-univariate decoding analyses to test whether multivariate classification is superior to univariate classification (Kriegeskorte 2011; Lemm et al. 2011; Naselaris et al. 2011) . To this end, we implemented a resting-state fMRI scan into a standard MRI stroke protocol and examined 3 groups: acute stroke patients with hand motor deficits, acute stroke patients without hand motor deficits, and nonstroke neurological control patients. We computed the resting-state functional connectivity of ipsilesional M1 and trained linear two-class SVMs to 1) classify new patients and 2) identify resting-state neuroimaging markers of motor deficits after stroke. Individual resting-state markers of motor impairment were compared with the results of a conventional univariate group analysis of resting-state connectivity. Finally, we also classified motor impairment based on the size and location of structural lesions to compare the sensitivity of structural and functional MRI scans.
Materials and Methods

Sample
The study was approved by the local ethics committee . From November 2011 to March 2013, we screened patients from the stroke unit, Department of Neurology, University of Cologne, for study eligibility. Inclusion criteria for stroke patients were as follows: 1) firstever ischemic stroke as verified by diffusion-weighted imaging (DWI) ( Fig. 1 ; for the location of individual lesions, see Supplementary Fig. 1 ), 2) cortical and/or subcortical lesions sparing M1, 3) symptom onset <8 days, and 4) age: 30-99 years. Exclusion criteria were as follows: 1) hemorrhagic stroke, 2) contraindications to MRI, 3) previous stroke as detected on FLAIR images, 4) bi-hemispheric stroke lesions, 5) carotid artery stenosis >50% according to the NASCET criteria, 6) intracranial stenosis as tested by transcranial Doppler, 7) cognitive impairment or dementia, 8) impaired consciousness, and 9) other neurological or psychiatric disease. Forty acute right-handed stroke patients either with unilateral motor deficits of the upper limb (n = 20) as well as patients without motor deficits (n = 20) were finally enrolled into the study (cf .  Table 1 for clinical data). Additionally, we recruited 20 right-handed nonstroke patients from the stroke unit who showed no lesions in FLAIR or DWI images (cf. Table 2 ). Patients gave informed written consent according to the Declaration of Helsinki.
Magnetic Resonance Imaging
All sequences were part of a clinical MRI protocol for stroke diagnostics acquired on a 1.5T scanner (Philips, Guildford, UK). Axial wholebrain resting-state fMRI scans were obtained using a gradient echo planar imaging (EPI) sequence: TR = 2100 ms, TE = 50 ms, FOV = 250 mm, 24 axial slices, voxel size: 3.9 × 3.9 × 3.9 mm³, 183 volumes, ∼6 min. Prior to scanning, patients were instructed to rest motionless and awake. The MRI stroke protocol further included DWI, T2-weighted, T2*-weighted, FLAIR, and time-of-flight angiography sequences (see Supplementary material for details). For the entire sample of stroke patients, the maximum overlap (n = 9/40) was at the posterior limb of the internal capsule of the CST. (B) Considering each stroke group separately, the maximum overlap in patients with hand motor deficits (n = 7/20) was also found at the posterior limb of the internal capsule. Thus, the overlap of lesion locations causing hand motor deficits was rather low. (C) Stroke patients without hand motor deficits also showed a maximum, albeit low lesion overlap at the internal capsule region (n = 5/20). This indicates that the lesion location within the internal capsule is not always associated with impairment of upper limb function. Lesion maps were normalized to an MNI reference brain. Lesion overlap was created using MRIcron (http://www.mccauslandcenter.sc.edu/mricro/ mricron/index.html). For individual lesion maps, see Supplementary Figure 1 .
Behavioral Tests
We assessed motor function in a brief bedside test at the day of the MRI. Global neurological impairment was rated using the National Institutes of Health Stroke Scale (NIHSS). Motor performance was measured using the Motricity Index (MI) (Demeurisse et al. 1980 ). The MI is a brief rating scale based on movements of the proximal, middle, and distal joints of arms and legs, which are classified according to whether they can be performed against gravity or even against resistance. Normal motor performance is rated by a maximum score of 33 per item. Additionally, the maximum grip force was assessed for each hand in 3 consecutive trials using a vigorimeter. We computed a grip force index representing the percent grip force of the stroke-affected relative to the unaffected hand (i.e., mean grip force [stroke-affected hand]/mean grip force [unaffected hand] × 100).
Clinical Definition of Motor Impairment Groups
To decode neuroimaging markers of hand motor impairment after stroke based on M1 resting-state connectivity patterns, we defined 2 groups of stroke patients either with hand motor impairment or without hand motor impairment based on the grip force index and the MI score of the stroke-affected hand. Patients without hand motor impairment were defined to have 1) preserved grip strength as indicated by a grip force index of ≥ 90% and 2) the maximum MI hand score of 33 (Table 1 ). These criteria guaranteed that none of the patients in this group featured significant hand weakness.
In contrast, patients with hand motor deficits were defined to show 1) considerable hand weakness as indicated by a grip force index of ≤2/3 (66%) and 2) an MI score of the stroke-affected hand of ≤26. The grip force criterion ensured that reduced grip strength was indeed caused by stroke as it has been previously shown that differences in handedness may result in reductions of the grip force index of up to 30% (Crosby et al. 1994) . The MI criterion implied that hand movements could not be performed against resistance or even gravity. Finally, 40 patients fulfilled the criteria of being assigned to either group. Nonstroke controls showed normal motor performance (grip force ≥ 90%, MI = 33) ( Table 2) . We compared clinical parameters, age, and gender between groups using ANOVA or chi-squared tests in SPSS21 (IBM, New York).
Resting-State fMRI Analysis
Resting-state fMRI data were analyzed using Statistical Parametric Mapping (SPM8; http://www.fil.ion.ucl.ac.uk/spm/) and Matlab Note: *Note that the MI score for the upper limb was slightly reduced in 3 patients without hand motor impairment as they had difficulties to move the proximal muscles of elbow and shoulder against external resistance despite full grip force and hand motor performance. MI, Motricity Index; NIHSS, National Institutes of Health Stroke Scale.
R2012a (The Mathworks, Natick, MA, USA) according to standard preprocessing protocols ). The first 3 images of the time-series were discarded. The remaining 180 resting-state EPI volumes were spatially realigned to the mean image of the time-series and co-registered with the structural T2-weighted image. Then, all images were spatially normalized to the standard template of the Montreal Neurological Institute (MNI, Canada) using the unified segmentation approach with masked lesions (Ashburner and Friston 2005) . Finally, data were smoothed with an isotropic Gaussian kernel of 8 mm. After preprocessing, the effect of known confounds was removed from the time-series. Confound regressors included the mean-centered global, gray matter, white matter, and cerebrospinal fluid signal intensities and their squared values, the 6 head motion parameters from image realignment, their squared values as well as their first-order derivatives (Satterthwaite et al. 2013) . Furthermore, the time-series was adjusted for the first 5 components of a principal component analysis (Behzadi et al. 2007; Chai et al. 2012) . Data were then band-pass filtered between 0.01 and 0.08 Hz. The majority of the stroke patients had left-hemispheric stroke lesions (n = 31/40 patients). Patients with right-hemispheric lesions were equally distributed in the 2 stroke groups (n = 5 with hand motor deficits, n = 4 without hand motor deficits). Thus, for group comparisons, data of these 9 patients were flipped along the midsagittal plane. Consequently, the left hemisphere corresponded to the ipsilesional hemisphere in all patients. We tested for group differences in head motion parameters from image realignment by comparing the framewise displacement and the root mean squared error (RMSE) (Power et al. 2012 ). There was no difference between groups neither in the framewise displacement (F 2,57 = 0.126, P = 0.882) nor in the RMSE (F 2,57 = 0.158, P = 0.854).
Resting-state connectivity maps of ipsilesional M1 were obtained by computing voxelwise whole-brain correlations of time-courses with the ipsilesional M1 seed region, which were transformed into Fisher Z-scores (Biswal et al. 1995) . The M1 seed coordinate was defined from a meta-analysis on neural activity for hand motor tasks and was located at the rostral wall of the central sulcus at the "hand knob" area (Rehme et al. 2012) . Note that none of the subjects suffered from lesions in M1 as verified by structural scans (DWI, FLAIR, T2).
Multivariate SVM Analysis
SVM Features
We used 1) voxels of individual resting-state connectivity maps representing the functional connectivity between M1 seed region and whole-brain target voxels and 2) voxels of binary DWI lesion maps as input variables ( = features) for classification.
To focus on the cortical resting-state motor network and ensure an identical number of voxelwise features per patient, individual restingstate maps were masked by cytoarchitectonic probability maps of frontoparietal sensorimotor areas (Eickhoff et al. 2005 ) (Brodmann areas 6, 4a/b, 3a/b, 1, 2) using FSLv5.0 (http://fsl.fmrib.ox.ac.uk). Thus, after masking, the resting-state functional connectivity map consisted of 67 957 voxelwise feature variables.
Voxelwise connectivity as a linear parameter was scaled to range between 0 and 1. To increase predictive power and reduce noise, we computed Fisher's criterion score for feature selection (Müller et al. 2004; Feis et al. 2013 ). This separation index reflects the squared difference between group means in relation to intragroup variance for each feature. In the leave-one-subject-out cross-validation approach described later, feature selection was carried out for each training sample separately. The classification of one left-out subject was based on the features selected in the respective training sample. This procedure guaranteed that the classification of data in the testing step was inherently independent from the selection criteria applied in the training step to prevent "double dipping" (Kriegeskorte et al. 2009 ). For each training sample, we entered 5% of the most discriminative voxels of the resting-state connectivity maps (i.e., 3398 features per patient) into the SVM algorithm.
To test whether lesion location can be used to classify motor impairment after stroke, one SVM was set up based on the whole-brain DWI lesion maps, which were masked by a summary map of all lesions (178 437 voxelwise features per patient). In this way, noninformative voxels where none of the patients showed a lesion were removed from the analysis. Furthermore, to consider only corticospinal tract (CST) lesions for classification, we masked the lesion maps with a probabilistic map of the CST (Oishi et al. 2010) , which yielded 27 437 features per patient.
SVM Classification
We computed 3 different linear two-class SVMs using the Library for SVMs (Chang and Lin 2011) (http://www.csie.ntu.edu.tw/~cjlin/ libsvm/) to classify patients according to 1 of 3 groups: stroke patients without hand motor impairment, stroke patients with hand motor deficits, and nonstroke controls.
Each SVM was trained and tested using a nested leave-onesubject-out cross-validation procedure (Fig. 2) considered as the test sample and thus set aside whereas all remaining subjects formed the training sample (N-1). Feature selection was repeated for each training sample. Then, the classification model was optimized based on different soft margin constants of the linear separation boundary (i.e., C-parameters ranging from small [C = 0.0001] to large [C = 30] ). For this optimization, we used another leave-one-subject-out cross-validation procedure by successively omitting and classifying one subject of the training data. In the outer loop, the model with the highest accuracy and the highest generalizability (i.e., smallest C-parameter) of the inner loop was used to classify the left-out, unknown subject (test sample). The outer loop was repeated for each subject left out and being classified based on the model optimized for the rest of the sample. Thus, training and testing were entirely independent steps (Kriegeskorte et al. 2009 ). We then computed the posterior balanced accuracy of classifications across all outer loops and reported 95% confidence intervals (CIs) (Brodersen et al. 2010) . The significance of this classification was tested using chi-squared tests for equal distributions of correct and incorrect classifications. Finally, we reconstructed the SVM feature weights for the feature selection of each training data set and averaged these weights across all 40 training sets to visualize the voxels that mostly contributed to classification.
Confound Analysis
We carried out SVM control analyses with the same leave-one-subjectout cross-validation approach to test whether group classification may already be explained by a sampling bias (e.g., idiosyncrasies of the study groups). Age and the RMSE of the head motion parameters were included as potential confounds for all 3 groups into the analysis. For stroke patients, we also considered lesion volume and time after stroke onset as potential confounds. All parameters were linearly scaled to range between 0 and 1. We first conducted univariate SVM analyses for each confound, separately, followed by an SVM with all confounds but without neuroimaging data. We then combined the features of interest (i.e., resting-state connectivity and DWI lesion maps) with the different confound variables.
Mass-Univariate GLM Group Analyses
We were interested whether resting-state markers for individual motor impairment revealed by multivariate SVM feature weights were comparable with the results of a conventional group analysis computed within the framework of the GLM. To this end, we used the same connectivity maps as for the SVM analysis consisting of positive correlations between seed voxel time-courses in ipsilesional M1 and wholebrain target voxels, which were transformed into Fisher Z-scores and then masked by frontoparietal sensorimotor areas (Eickhoff et al. 2005) . To warrant consistency between multivariate and univariate procedures, we computed separate independent samples t-tests with SPM to obtain T-contrast images for comparisons between controls and stroke patients (P < 0.05).
Mass-Univariate Decoding Analysis
To directly compare multivariate SVM classification with univariate decoding, we tested the classification accuracy of individual voxels for the discrimination of the 3 groups. We used the same approach as in the SVM training consisting of a leave-one-subject-out cross-validation procedure with a training sample and one independent test sample. For each voxel of the average SVM weight image, the mean of the average connectivity in each group of the training data set was used as a separation boundary to classify the respective left-out subject. Finally, the classification accuracy for each voxel was averaged across all cross-validation loops.
Expert Rating of DWI Lesions
Additionally, we performed a clinical rating with 9 certified consultant neurologists (Department of Neurology, University of Cologne, Germany; >5 years of clinical experience) using printouts of the axial DWI slices showing the entire extent of the lesion. The raters were asked to indicate whether the respective patient has a hand motor deficit or not. We then computed the posterior accuracy of these clinical ratings (Brodersen et al. 2010 ).
Comparison of Classification Accuracies
We compared classification accuracies between 1) resting-state connectivity data, 2) DWI lesion maps, and 3) clinical ratings of each of the 9 raters using McNemar's chi-squared test of the null hypothesis that classification is equal across these modalities (P < 0.05, one-tailed) (McNemar 1947). for each training data set were entered into the SVM analyses. (B)Linear two-class SVM with a nested leave-one-subject-out cross-validation procedure. The outside loop was for model evaluation. Here, in a leave-one-subject-out cross-validation procedure, one subject was left out as a test sample and the rest of the sample constituted the training sample (N-1). The inner loop was for model optimization with a second leave-one-subject-out cross-validation procedure based on the training data. The model was optimized using different C-parameters of a linear decision function. The model with the highest accuracy and generalizability of the inner loop was used for classifying the left out, unknown subject of the outer loop. The posterior balanced accuracy was computed across all outer model evaluation loops. (C) The SVM weights of the linear separation function were reconstructed for all patients (cf. Methods). These weights show voxelwise connectivity values that contribute to SVM classification.
Results
Sample
There was no significant difference in age and gender between groups (P ≥ 0.139) (Tables 1 and 2; see Supplementary Table 1 for statistical comparisons). Likewise, the two stroke groups did not differ in time after stroke onset or lesion volume (P ≥ 0.242). The stroke group with hand motor deficits showed a mean grip force index of 24.8% (SD: 21.7%) and a mean MI hand score of 15.9 (10.6). In contrast, stroke patients without hand motor deficits had an MI hand score of 33 and a mean grip force of 111% (15.1%). Hence, patients with motor deficits exhibited significantly worse motor performance than stroke patients with normal hand motor performance and nonstroke controls (P < 0.001). There was no difference in motor performance between stroke patients without hand motor deficit and controls (P > 0.5).
Resting-State Functional Connectivity
Univariate Group Analyses (GLM) SPM-T-contrast images for the comparison of stroke patients with hand motor deficits and nonstroke controls showed that nonstroke controls featured greater interhemispheric restingstate connectivity between ipsilesional (left) M1 and contralesional sensorimotor areas including contralesional M1, primary sensory cortex (S1), superior parietal lobe (SPL) as well as contralesional dorsal and ventral premotor cortex (PMC) (P < 0.05; Fig. 3A , blue color scale). This means that patients with hand motor deficits showed reduced connectivity between these areas. In contrast, stroke patients with hand motor deficits as compared with nonstroke controls featured greater resting-state connectivity between ipsilesional M1 and supplementary motor area (SMA), as well as ventral and dorsal PMC, particularly in the ipsilesional hemisphere (Fig. 3A , red color scale). The SPM-T-contrasts for the comparison between stroke patients with and without hand motor impairment revealed similar results (Fig. 3B) . Again, stroke patients with hand motor deficits were characterized by reduced interhemispheric resting-state connectivity between ipsilesional M1 and contralesional sensorimotor areas (Fig. 3B , blue color scale) but showed enhanced connectivity between ipsilesional M1 and ipsilesional as well as contralesional premotor areas including SMA and ventral PMC (Fig. 3B , red color scale).
Multivariate SVM Classification: Stroke Patients with Motor Impairment versus Nonstroke Controls
The SVM classifying stroke patients with hand motor deficits and controls showed that resting-state connectivity of ipsilesional (left) M1 yielded a posterior classification accuracy of 82.6% (P < 0.001, CI = 66.9-90%) (Fig. 4A) . We observed a similar accuracy when patients with right-hemispheric lesions who had been flipped for group comparisons were omitted Figure 3 . GLM results. (A) Group differences (independent samples t-test) between stroke patients with hand motor impairment and nonstroke control subjects. Blue: Areas of voxelwise resting-state connectivity for the SPM-T-contrast "controls > patients." Red: Areas of voxelwise resting-state connectivity for the SPM-T-contrast "patients > controls." (B) Group differences between stroke patients with and without hand motor impairment. Blue: Areas of voxelwise resting-state connectivity for the SPM-T-contrast "patients without impairment > patients with hand motor impairment." Red: Areas of voxelwise resting-state connectivity for the SPM-T-contrast "patients with hand motor impairment > patients without hand motor impairment." The green dot indicates the seed voxel coordinate in ipsilesional M1 (-38,-24,58). The color bar indicates the respective t-value (P < 0.05 uncorrected).
(i.e., 79.6%, P < 0.001, CI = 62.6-88.3%). The sensitivity to correctly identify stroke patients with hand motor impairment was 80%. The specificity to identify nonstroke controls was 85%. The mean weight image across all training sampleswhich represents the regional contribution of voxelwise connectivity to classification-corresponded to the direction and spatial distribution of univariate group differences in the conventional GLM analysis (Fig. 3A) . Accordingly, controls were characterized by stronger interhemispheric connectivity between ipsilesional M1 and contralesional sensorimotor areas including M1, S1, and SPL (Fig. 4A) . In contrast, enhanced connectivity between ipsilesional M1 and ipsilesional ventral and dorsal PMC, SMA, and contralesional medial S1 contributed to the classification of stroke patients with hand motor impairment. In contrast, the SVM for classifying stroke patients without hand motor impairment and nonstroke controls showed a posterior classification accuracy of 58.5%, which was almost at chance level (P = 0.155, CI = 42.7-71.9%). Thus, based on M1 resting-state connectivity, stroke patients without motor impairment could not be distinguished from controls.
Multivariate SVM Classification of Motor Impairment in Stroke Patients
In the next step, we tested whether SVM can be used to differentiate between the 2 stroke groups. Here, resting-state connectivity of ipsilesional M1 correctly classified unseen stroke patients as either with or without hand motor deficit with a posterior accuracy of 87.6% (P < 0.001, CI = 72.4-93.2%) (sensitivity: 90%, specificity: 85%). A similar weight pattern as described earlier for classifying nonstroke controls versus patients with hand motor deficits separated the two groups (Fig. 4B ). These weights were again similar to the respective univariate group comparison (Fig. 3B) . Accordingly, patients with hand motor deficits were characterized by reduced interhemispheric connectivity of ipsilesional M1 with contralesional sensorimotor areas. In contrast, higher resting-state connectivity between ipsilesional M1 and contralesional ventral PMC and ipsilesional premotor areas (i.e., dorsal and ventral PMC, SMA) discriminated stroke patients with impaired hand function compared with stroke patients without hand motor impairment. Resting-state functional connectivity of ipsilesional M1 provided 87.6% mean accuracy for the classification of stroke patients into hand motor impairment groups. Blue: Areas of voxelwise resting-state connectivity, which contribute to the classification of nonstroke controls (Fig. 4A) or stroke patients without hand motor deficit (Fig. 4B ) (i.e., stroke patients with hand motor impairment were characterized by reduced connectivity with these areas). Red: Areas of voxelwise resting-state connectivity, which contribute to the classification of stroke patients with hand motor impairment. The scaling of the weights reflects the relative contribution of voxelwise resting-state connectivity with ipsilesional M1 to group classification. The green dot indicates the seed voxel coordinate in ipsilesional M1 (-38,-24,58).
Mass-Univariate Group Classification
The results of the mass-univariate decoding analyses, using the mean of the average voxel connectivity in each group in each training sample as a boundary to classify the respective left-out subject in a cross-validation approach, showed that more than half of the voxels provided classification accuracies of >50% ( Supplementary Fig. 2 ). However, for the discrimination of stroke patients with hand motor deficits and controls, only 0.2% of the voxels were equal to or better than the classification accuracy of the multivariate SVM classifier of 82.6%. Furthermore, the classification accuracy of 87.6% for separating stroke patients with or without hand motor deficits was only reached by one single voxel in the univariate analysis (i.e., 0.01%). This small proportion was clearly below a 5%-threshold of all voxels. Thus, multivariate decoding seems to outperform univariate decoding in classifying individual patients.
DWI Lesions
The SVM trained with the whole-brain DWI lesion maps considering white matter, cortex, and basal ganglia classified stroke patients with or without hand motor impairment with a posterior accuracy of 67.9% (P = 0.021, CI = 50.6-79%). When considering DWI lesions along the CST using probabilistic maps (Oishi et al. 2010) , the posterior classification accuracy was 73.8% (P = 0.003, CI = 56.4-83.1%). However, the sensitivity to identify patients with motor deficits was low (i.e., 45-50%), whereas the specificity to classify patients without motor deficits was ≥90% (see Supplementary Fig. 3 for the SVM weights). Together, classifications based on DWI lesions tended to be lower than the classification accuracy of restingstate connectivity (chi 2 (1) = 3.27, P = 0.07). We further tested how stroke-experienced consultant neurologists (n = 9; Department of Neurology, University of Cologne, Germany) classified motor function based on DWI. The posterior accuracy of the raters was 71% (P < 0.001, CI = 66-75.3%) (Supplementary Table 2 ). The SVM for M1 restingstate connectivity classified patients significantly more accurate than 6 out of 9 raters (P < 0.03). In contrast, one rater classified patients significantly better than the SVM for DWI lesions, whereas the classifications of the rest of the raters were equal to the SVM results for DWI lesions.
Confound Analysis
We carried out separate and joint SVM control analyses for potential confounds including age, RMSE of head motion parameters, lesion volume, and time after stroke onset. None of these confounds provided a significant group classification (maximum accuracy: 60.1%, P = 0.106). Furthermore, combined SVM analyses of confound variables and resting-state connectivity or DWI lesion maps of the CST did not exceed the classification accuracy of each of these feature maps alone (see Supplementary Table 3 for details) .
Discussion
This study provides evidence that individual resting-state fMRI scans can be used to decode individual hand motor impairment based on multivariate SVM pattern classification. As expected, conventional univariate analyses of resting-state data revealed a similar pattern of differences between groups as identified by multivariate SVM weights for individual classification. However, only the multivariate SVM analysis approach allowed a significant classification of individual patients with respect to motor impairment. Importantly, motor performance was more accurately classified by M1 resting-state connectivity than by lesion location or by expert rating.
Markers of Motor Impairment after Stroke SVM classifications are always driven by all features of a given weight vector (Naselaris et al. 2011; Haufe et al. 2014) . Here, high weights may reflect both "true" neurophysiological signal and noise. That is, to maximize separation, an optimal classifier may require nonzero weights on features containing the signal of interest as well as on features containing additional noise. In this way, the classifier accounts for the entire structure of the data and provides a more accurate classification. Accordingly, the decoding approach usually does not allow drawing conclusions such that one connection reflects a marker of a clinical parameter. In contrast, the parameters of a forward model, for example a GLM analysis, are physiologically interpretable (Haufe et al. 2014) . Therefore, when combined with a forward model approach, SVM weights may be interpreted in terms of their neurophysiological meaning. Figures 3  and 4 show that positive and negative SVM weights spatially correspond to the direction of group differences between patients and controls in the GLM analysis. This correspondence between the backward (SVM) and forward (GLM) model therefore suggests that resting-state connectivity between ipsilesional M1 and these areas significantly contributes to the characterization of impaired hand motor function after stroke. Accordingly, the SVM classified stroke patients with hand motor deficits based on reduced interhemispheric resting-state connectivity between ipsilesional and contralesional motor areas. This finding was reproduced by contrasting patients with hand motor deficits with independent samples of nonstroke controls and stroke patients with normal hand motor performance (Fig. 4) . Our results thus corroborate findings of disturbed interhemispheric connectivity between sensorimotor areas in groups of stroke patients with motor deficits as reported in previous fMRI group studies (Carter et al. 2010 (Carter et al. , 2012 Wang et al. 2010; Park et al. 2011; Golestani et al. 2013) .
Changes in interhemispheric resting-state connectivity may play a key role in early cortical reorganization (Carmichael 2006) . Intracranial recordings in humans and animals showed that resting-state connectivity reflects spontaneous oscillations of synchronous neuronal activity (He et al. 2008; Nir et al. 2008; van Meer et al. 2012) . There seems to be a close relationship between alterations in synchronous activity remote from the lesion and induction of axonal sprouting in the first few days after stroke (Carmichael and Chesselet 2002) . Thus, reduced interhemispheric resting-state connectivity at the acute stage may represent an early imaging marker of neural repair processes after stroke. This conclusion is supported by human fMRI studies probing the motor execution system after stroke by means of motor activation tasks and connectivity analyses (Rehme et al. 2012; Grefkes and Fink 2014) . These studies frequently reported enhanced neural activity in contralesional M1 during movements of the stroke-affected hand. In the first few days after stroke, contralesional M1 has been shown to exert a positive influence onto ipsilesional M1 activity, which may support early motor recovery . Over the ensuing weeks and months, this positive influence disappears or may even turn into maladaptive inhibition in some patients (Grefkes et al. 2008; . Although task-based and restingstate fMRI reflect distinct underlying neural processes , findings from fMRI motor activation studies emphasize the role of contralesional M1 as a brain region involved into early motor reorganization that corresponds to the present resting-state findings.
A new finding of the present study is that patients with hand motor deficits were also characterized by enhanced restingstate connectivity between ipsilesional M1 and secondary motor areas in frontoparietal cortex including PMC, SMA, and S1, particularly in the ipsilesional hemisphere. The SVM results show that this increase in connectivity is essential for the individual classification of motor impairment. Findings from previous task-based fMRI studies suggest an important role of premotor areas in post-stroke recovery (Johansen-Berg et al. 2002; ). These studies demonstrated that an increase of activity in premotor areas during movements of the stroke-affected hand predicts greater motor recovery after stroke. Furthermore, effective connectivity data revealed that positive influences between premotor areas, particularly SMA, and ipsilesional M1 correlate with motor recovery and recovered motor function (Grefkes et al. 2008; Wang et al. 2011; . Likewise, Park and colleagues showed that higher resting-state connectivity between ipsilesional M1 and contralesional SMA at the acute stage predicts motor performance at the chronic stage after stroke (Park et al. 2011) . Thus, as premotor neurons are engaged in motor preparation and higher-order movement control (Dum and Strick 2002) , increased connectivity between M1 and premotor areas may reflect a neural disposition facilitating early cortical reorganization. Indeed, in chronic stroke patients, transcranial magnetic stimulation studies have shown that disruption of both ipsilesional and contralesional dorsal PMC activity can deteriorate recovered motor function as assessed with reaction time or sequential finger movement tasks (Fridman et al. 2004; Lotze et al. 2006) . In the present study, we used a rather simple motor assessment that could be easily performed at the bedside, even with patients suffering from severe hemiplegia. It remains to be elucidated whether similar weight distributions would be observed when using more complex motor tasks to quantify the hand motor deficit.
The Diagnostic Use of SVM and fMRI Ipsilesional M1 resting-state connectivity provided a high sensitivity of ≥80% to identify unknown patients with hand motor deficits when comparing them with stroke patients with normal hand motor performance or nonstroke controls. In contrast, the multivariate SVM classifier did not discriminate stroke patients with normal motor performance and controls. Our data, therefore, suggest that resting-state motor networks are not altered after stroke per se but rather allow specific inference about motor impairment. The direct comparison with mass-univariate decoding analyses showed that most of the individual voxels had some power to discriminate previously unseen patients. However, the accuracy of multivariate SVM classifiers was only exceeded by 0.2% of the voxels. Our findings, therefore, suggest that the combined information from multiple voxels is more powerful than single voxels, which may rather reflect random results. Thus, this finding strengthens the importance of carrying out multivariate rather than univariate decoding analyses. Multivariate machine learning techniques have been successfully applied to resting-state fMRI networks in other clinical populations (Shen et al. 2010; Richiardi et al. 2012; Wee et al. 2012; Zeng et al. 2012) . These studies reported accuracies of 70-96%, which are consistent with the ones we observed in our sample. Thus, although resting-state fMRI is measured in a task-free setting, it allows classifying clinical populations at the single subject level.
With respect to neuroimaging markers of functional impairment after stroke, Saur and colleagues showed that SVM can predict good versus poor recovery from aphasia with 86% accuracy based on early fMRI activation during a language task in combination with age and the initial language test score (Saur et al. 2010) . In contrast to this study, we used restingstate fMRI, which is particularly useful in clinical routine assessment of acute, severely disabled patients because it yields robust signals after only 5-6 min and requires no task-related behavior (Friston 1994; Carter et al. 2010; Van Dijk et al. 2010; Wang et al. 2010) .
Furthermore, our findings are well in line with previous conventional univariate resting-state group studies in stroke patients, which demonstrated that disturbances in connectivity are specific to the functional system that has been damaged. For example, stroke patients with motor deficits, aphasia, or visual neglect show disturbed resting-state connectivity in the corresponding motor, language, or attention resting-state networks (He et al. 2007; Warren et al. 2009; Carter et al. 2010) . Importantly, our findings extend the results of previous univariate encoding analyses performed at the group level by showing that multivariate decoding approaches for restingstate fMRI data enable classification at the level of an individual patient. Given that a single resting-state fMRI scan allows simultaneous assessment of different resting-state networks, SVMs for resting-state data might be suited to classify patients with aphasia or attention deficits (He et al. 2007; Warren et al. 2009; Carter et al. 2010 ) but also to ultimately classify the global neurological deficit and potential for recovery.
Acute Ischemic Lesion
The SVM accuracy for the classification of hand motor deficits based on structural lesions was 73.8%. However, the SVM provided a poor sensitivity of 50% to identify patients with hand motor deficits. Likewise, we observed a similar degree of classification accuracy in the ratings of experienced consultant neurologists, which suggests that expert knowledge of functional brain anatomy is not sufficient to ensure correct classifications.
Hence, stroke lesions provide a less reliable classification of motor deficits at the level of individual patients compared with resting-state connectivity. At first, this finding seems to be at odds with previous diffusion tensor imaging (DTI) studies showing that greater motor impairment was associated with greater disruptions of CST fibers, particularly of those extending from ipsilesional M1 (Stinear et al. 2007; Lindenberg et al. 2012; Wang et al. 2012) . However, in contrast to these correlation analyses, individual predictions made by SVM classification are based on a multivariate approach. Here, classifier rules are learned based on a valid training step. Thus, the low sensitivity (50%) revealed by the SVM analysis most likely results from the heterogeneity of lesions that may cause motor deficits in our sample ( Fig. 1; Supplementary Fig. 1 ). This heterogeneity particularly constrains the SVM performance, which depends on the consistency of lesion locations within one group. In contrast to our findings, previous clinical machine learning studies using structural MRI data yielded higher accuracies of 83-96%, particularly for classifying patients with dementia compared with healthy subjects (Klöppel et al. 2008; Gerardin et al. 2009 ). These differences in classification accuracies may result from different structural data (i.e., DTI, high-resolution T1-weighted images). However, in stroke, even small lesions may cause severe deficits, a phenomenon that contrasts with findings in neurodegenerative disease, which usually affects large parts of the brain (Orrù et al. 2012) . Thus, functional neuroimaging markers seem to be superior when classifying functional deficits resulting from confined and heterogeneous lesions, as often encountered after stroke.
Conclusion
We here show that the combination of resting-state fMRI and multivariate machine learning tools constitutes a sensitive technique to infer neurological impairment at the level of single patients. All data were acquired during a routine imaging session, which highlights the clinical practicability of our approach with acute, severely disabled patients (Friston 1994; Carter et al. 2010; Van Dijk et al. 2010; Wang et al. 2010 ). It should be tested in the future whether this approach offers potential for providing noninvasive diagnostic markers to predict the neurological outcome and to optimize rehabilitation after stroke.
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